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FMEA of ART assuming no IMRT QA
• Concluded that ART introduces 

different (but not necessarily more) 
risks than standard IMRT

• Proposed Alternatives to IMRT-QA
• Quality Assurance with Plan Veto (QAPV) 

software
• Simulated delivery (dry-run) with patient 

on table
• Post treatment or real-time monitoring 

of log files
• EPID based in-vivo dosimetry
• Transmission detectors

Patient Specific QA in Adaptive Radiotherapy:



Our Focus: 
AI prediction models for ART 
patient specific QA



AI Prediction Models for IMRT QA: General Concept

IMRT QA Results

DICOM-RT plans

Model training data from prior 
patients

Plan Characteristics
(independent variables)
Field complexity, size, & off-axis measures
Field energy
MLC transmission, collimator angle, etc.

IMRT QA Outcome
(dependent variable)

Pre-processing

Supervised 
Learning

input

output

• Any comparative measure (Gamma Index, dose 
difference, etc.)

• Any QA measurement device (EPID, ion chamber & 
diode arrays, etc.)



AI Prediction Models for IMRT QA:

492 Mapcheck2 measurements



Background:

Lot’s of examples & counting!



AI prediction of IMRT QA Results: Limitations

• In ideal case, AI model perfectly 
reflects outcome from IMRT QA 
measurement

• Inherent limitations from 
measurement device will be 
reflected in the AI model

• False positives (examples: poor 
EPID scatter modeling causes 
failures off axis)

• False negatives (examples: limited 
detector sensitivity, resolution, lack 
of comprehensive measurement 
etc.)



AI prediction of IMRT QA Results: Limitations

Γ–index pass rates are of limited value, 
even if predicted perfectly.

AI model does not enable translation of Γ–index pass 
rates to clinically meaningful measures (patient DVH)



Alternative: Predict patient dose effect directly

Proposal
• Predict actual machine 

parameters at treatment delivery
• Input data: DICOM-RT plan
• Model training data: DICOM-

RT plans & log files from prior 
patients

• Use this prediction for pre-
treatment dose calculation on 
patient anatomy

Potential Advantages
• Patient specific prediction
• Predict a meaningful result

• Dose distribution / DVH

• Low maintenance
• Automatically acquired training / 

validation data

• Enable a virtual process
• Applicable to adaptive techniques!



Feasibility of predicting log file(s)

 Difference between planned MLC 
positions & actual at treatment 
delivery are very predictable

 High correlation with MLC 
velocity

Kabat et al. Medical Physics, 
46 (3), March 2019

J. Olasolo-Alonso et al. Physica 
Medica 33 (2017) 87–94

Agnew et al. JACMP Vol. 
15, No. 6, 2014

Kerns et al. Radiation Oncology 2014, 9:176

IMRT

VMAT IMRT VMAT

Chuang et al., Medical Physics, 48 (3), March 2021



AI Prediction of Log Files: Relevant Prior Work
Carlson et al. Phys. Med. Biol. 61 
25, 2016
 74 VMAT plans from 3 

institutions
 Training (data from 1 plan)
 Models: Linear regression, 

Random forest, Cubist



Current Work: Model Training, Testing, and Validation

Trajectory files

DICOM-RT plans

Model training data from prior patients

Linac IMRT VMAT 

TB1 12/46 14/26

TB2 5/10 9/11

TB3 10/41 10/20

STX 4/23 52/149

Total 31/120 85/206

Mechanical Parameters 
(independent variables)
MLC Velocity, Acceleration, Bank
Control  Point Number
Monitor Unit Fraction
Dos e Rate
Gravity Vector
Gantry Velocity, Acceleration (VMAT)

MLC Delivery Error (dependent 
variable)

Pre-
processing

Supervised Learning
tra ining/testing = 80/20 

input

output

80% of fields 
for training/  

testing

Model validation
20% of fields for post-training validation

plans/fields

Chuang et al. Med. Phys. 48 (3), 2021

(and/or Gantry angle error)



Model Performance: MLC disrepancy
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IMRT
r2 = 0.982

VMAT
r2 = 0.989

Lay, et al. "Virtual patient‐specific QA with DVH‐based metrics." JACMP (2022).
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Lay, et al. "Virtual patient‐specific QA with DVH‐based metrics." JACMP (2022).



How would this work?

(a) Treatment Planning System

Approved IMRT/VMAT Plan

Dose Calculation 
on Planning CT 

Geometry

(e) Independent Dose Calculation
DVH Based 
Comparison

(b) Approved
DICOM-RT Plan

(f) Treatment 
Delivery

log 
files

Red lines: pre-treatment Black lines: post-treatment
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Solid lines: AI prediction workflowDashed lines: standard log file QA workflow
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(c) Artificial 
Intelligence  
Prediction Model

Predicted machine 
parameters

Step 1: Log file based virtual QA:
• Patient specific prediction

• Predict dose distribution

• Low maintenance (auto acquire 
training data)

• Enable a virtual process

• Incorporate independent 
measurement

(d) Predicted
DICOM-RT Plan

Lay, et al. "Virtual patient‐specific QA with DVH‐based metrics." JACMP (2022).



Neal et al: Med. Phys., Vol. 43, No. 6

Log file prediction model: Limitations

Limitation 1: Log files do not see all MLC errors
A Agnew et al: PMB 59 (2014) N49



Y. Katsuta et al. Physica Medica 42 (2017) 1–6

Log file prediction model: Limitations
Limitation 2: Log file assumes machine is calibrated perfectly
(does not account for residual miscalibration errors

Dosimetric effect of mis-calibration errors:



Prediction of IMRT QA results 
(Γ-index, dose diff., etc.) 
 Input data: Plan attributes (complexity 

measures, field & fluence descriptors, 
beam energy, MU, etc.)

 Training data: DICOM plans and IMRT 
QA results from prior patients

 Advantages:
• Directly applicable to varied IMRT QA 

technologies & strategies.
• Can enhance current IMRT QA as early 

warning for likely failures
 Disadvantages: Subject to same 

limitations of QA device (inherent 
susceptibility of device to false 
positives/negatives) & analysis method 
(lack of relevance for Γ-index, etc.)

Prediction of machine parameters 
at treatment delivery
 Input data: Control point information 

from DICOM-RT plan (MLC pos. & 
velocity, gantry, etc.)

 Training data: DICOM plans and 
trajectory files from prior patients

 Advantages:
• Direct prediction of relevant clinical 

measures (patient DVH).  
• Large dataset (1000s data-points per field)

• Low maintenance training (no need for QA 
measurements-> can use clinical log files)

• Model can be dynamic (updated daily)

 Disadvantages: Subject to same 
limitations as log files (does not measure 
beam symmetry, calibration errors, etc.)

Summary of AI for IMRT QA



Evolving Roles of Patient Specific QA:
Traditional IMRT QA:

Independent calculation: 
(Simple “hand” calc in homogeneous medium)

Detector array measurement: 
(Phantom or BEV geometry)

Systematic beam 
modeling errors

Plan specific beam 
modeling errors

!!!

Plan delivery & 
corruption errors

Linac calibration 
errors

Esposito et al. Rad. and Onc., Vol 149, pp 158-167, 2020.



Evolving Roles of Patient Specific QA:
Log File Based IMRT QA:

Independent* calculation: 
(Volumetric, rigorous calc.)

Log file analysis: 

Systematic beam 
modeling errors

Plan specific beam 
modeling errors

Plan delivery & 
corruption errors

Esposito et al. Rad. and Onc., Vol 149, pp 158-167, 2020.

Linac calibration 
errors

More rigorous linac QA 
(especially MLC QA)

*assuming independent commissioning (using separate beam data!) & unique 
beam model per TG-114, TG-219 recommendations



Broader Perspective & Looking Forward
• Best role of rigorous independent 

calc. + virtual QA / DVH analysis 
using prediction model?

• Potential to re-assess roles of:
• Routine (linac) QA

• Why verify linac calibration errors on a 
per patient basis???

• Plan robustness checks
• Plan quality & deliverability checks
• Modified routine QA frequency

• Machine QA
• End-to-end tests

• FMEA will likely play an important 
role in re-structuring patient 
specific QA



Incorporating Routine Linac QA?

Treatment Planning System

Approved IMRT/VMAT Plan

Approved
DICOM-RT Plan

Linear Accelerator

log 
files
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Artificial 
Intelligence  
Prediction Model

Predicted machine 
parameters

Dose Calculation 
on Planning CT 

Geometry

Independent Dose Calculation
DVH Based 
Comparison

Traditional second calc.

Predicted
DICOM-RT Plan

Routine Linac QA (daily, 
monthly, MPC, etc.)
Machine parameters:
-flatness/symmetry
-MLC calibration errors
-Gantry, Jaw, Collimator Couch, etc.



Incorporating Plan Robustness Analysis?

Treatment Planning System

Approved IMRT/VMAT Plan

Approved
DICOM-RT Plan

Linear Accelerator

log 
files

M
od

el
fe

ed
ba

ck

Output

Artificial 
Intelligence  
Prediction Model

Predicted machine 
parameters

Dose Calculation on 
Planning CT

Plan Robustness Analysis
-Multiple independent dose calculations
-Introduce realistic uncertainties (perturbations) 
in beam model & treatment plan
-Evaluate whether range of dose uncertainty 
between calculations is acceptable

DVH Based 
Comparison Routine Linac QA (daily, 

monthly, MPC, etc.)
Machine parameters:
-flatness/symmetry
-MLC calibration errors
-Gantry, Jaw, Collimator Couch, etc.

Perturbations in plan & beam 
model informed by AI prediction 
& routine QA How to better do this?

More robust MLC QA? 
(include dynamic motion)



Summary
• AI prediction models can be used to predict either results from IMRT QA 

measurements (Γ-index, dose diff., etc.) or machine parameters at 
treatment delivery (patient dose & DVH) with unique cost/benefit to each 
approach

• Opportunity to re-assess patient specific pre-treatment QA paradigm & the 
roles of various components: 

• Routine (linac) QA, plan robustness checks, plan quality & deliverability checks, use 
of routine end-to-end tests



Questions?
Collaborators:

Duke University
• Brett Erickson (graduate student, Med. Phs. resident)
• Lam Lay (graduate student)
• Yunfeng Cui, PhD (faculty)
• William Giles, PhD (staff physicist)
• Jennifer O’Daniel, PhD (faculty)

Duke Kunshan University
• Kai-Cheng Chuang (graduate student)
• Yuqing Cui (graduate student)


